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Data visualization plays an important role in data analysis by displaying data to observers in an inter-
pretable way. Visualizing multidimensional data requires projecting the data into a low-dimensional
space that is visible to humans. In this paper, we propose a neural network model that can generate such
projections while preserving the topology relationships within data points, which is named Visible Self
Organizing Incremental Neural Network (V-SOINN). V-SOINN is able to construct a topology preserving
visible network automatically and classify visible nodes to different classes in the low-dimensional space.
The thought of topology preserving visualization stems from Self-Organizing Map (SOM). Compared to
SOM, the main advantage of V-SOINN is that it does not need prior decision of network structure, includ-
ing the number of nodes and grid in the output layer. V-SOINN can show the density distribution of data-
sets by using the activation counts of datasets. V-SOINN is able to depict the number of classes in the low-
dimensional space as well. We perform experiments on artificial and real-world datasets, and V-SOINN
outperforms PCA, MDS, t-SNE, Neural Gas and SOM on the datasets. Experiments show that V-SOINN
can preserve the topology and V-SOINN can produce the correct classification result when the number
of samples is small.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

Nowadays, data generated from almost every field of our life are
recorded by computers. These data creates a potential resource
library, in which we can explore valuable information. However,
it is difficult to find valuable information in high-dimensional data.
Combining the computer and human in the data exploration pro-
cess is an effective approach. Due to the limitation of human visual
system, data in a 4-D or higher dimensional space can not be
observed directly. Visualizing such data requires projecting the
data into a lower dimensional space that is visible to humans.

Mapping high-dimensional data into low-dimensional spaces is
the core issue of data visualization [1]. A straightforward method is
using pairwise feature combinations. However, it requires n2 fig-
ures to get the full view of an n-dimensional dataset, and the inter-
pretability of each figure declines as the dimensionality increases.
Many dimensionality reduction methods can be used for visualiza-
tion. Principle Component Analysis (PCA) [2] and Multidimensional
Scaling (MDS) [3] are linear mapping methods. PCA maximizes the
distance of data projected in the low-dimensional space, while
MDS tries to keep the Euclidean distance between two points in
both the high-dimensional space and the corresponding low-
dimensional space. These linear mapping methods suffer from
heavy computational costs on large datasets [4]. Non-linear map-
ping approaches such as Isomap [5], Laplacian Eigenmaps [6], t-
distributed stochastic neighbor embedding (t-SNE) [7] are utilized,
but they are weak in preserving the local or the global structures of
the data [1].

In the past few years, many other effective methods have been
proposed to realize the visualization of high-dimensional datasets,
such as scatter plots, parallel coordinates and pixel display [8]. A
dissimilarity-preserving projection technique is proposed in the
[9] that keeps the relationships among the mean values of the
ensemble members and the relationships among the distributions
of ensemble members. An approach that combines Multidimen-
sional Projection with Parallel Coordinates is proposed to visualize
the instances relationship [10]. Takashi proposed a visualization
method based on SOM that is for clarifying cluster boundaries of
high-dimensional datasets [11].
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The essence of high-dimensional data visualization is to explore
a projection that presents high-dimensional data in a low-
dimensional output space. In the process of projection, the core
of projection is to preserve some inherent features of high-
dimensional data. The criterion for measuring the quality of a pro-
jection is whether it can maintain the inherent characteristics of
high-dimensional data. The ability of topology preserving, cluster-
ing and dimension correlation preserving can be used to measure a
projection approach.

The visualization process can be briefly summarized as follows:
a) Projection. Projection is the core stage of visualization methods.
Visualization methods project high-dimensional data to low-
dimensional output data. There are several commonly used projec-
tion approaches, such as PCA, MDS, t-SNE, etc. b) Rendering. In this
stage, low-dimensional output dataset is mapped into 1-D or 2-D
space. Visual features, such as position, color, size or shape are
often used.

In this study, we mainly focus on topology preserving projec-
tion and flexible expression. The thought of topology preserving
projection stems from Self-Organizing Map (SOM) [12], which is
a neural network model based on unsupervised competitive learn-
ing. It can be used for visualization of multidimensional data by
displaying data points in a low-dimensional lattice [13]. The topo-
logical relationship in the data is maintained by projecting adja-
cent data points into the connecting nodes of the lattice.
However, the network structure of SOM must be predefined before
learning the input data, and the predefined structure is not always
suitable for the input data. For example, some nodes will never be
activated during training, and some nodes may correspond to
blank areas in the high-dimensional data space. The 2-D node is
activated once when a data point is projected to it. No matter
how many times a node is activated, it is only one small point in
the 2-D space. It is hard to see the density distribution of data
points accurately. A well-known incremental SOM like algorithm
is called Neural Gas (NG) [14]. NG is a competitive learning neural
network. The algorithm adjusts the winner in the presence of an
input vector and updates the remaining prototypes according to
their similarities to this input vector.

The number of classes shown in the low-dimensional space is a
kind of visual information that is important for understanding the
input data underlying characteristics. It is necessary for the visual-
ization algorithm to illustrate the classification results in the low-
dimensional space.

We propose a new algorithm for visualizing the multidimen-
sional data, which is named Visible Self-Organizing Incremental
Neural Networks (V-SOINN). V-SOINN is able to construct a topol-
ogy preserving visible network automatically in the low-
dimensional space. V-SOINN is based on ESOINN [15]. Like earlier
SOINN [16] and ESOINN models, V-SOINN is a kind of
competition-based learning Neural network model, capable of
incremental unsupervised learning. V-SOINN preserves the local
topological structure of high-dimensional input. During the train-
ing process, the low-dimensional visible nodes are learned incre-
mentally, while preserving the relative distance between the
input data points. All the points are projected to visible nodes in
the 2-D space while keeping neighboring data points to neighbor-
ing visible nodes. The visible nodes are classified by using their
connection in the network structure. The size of the low-
dimensional visible node is in direct proportion to the count of
being activated. The distribution of input data is shown in the
low-dimensional space.

Compared with SOM, V-SOINN can avoid the difficulty of pre-
defining network structure. V-SOINN has a flexible expression on
the density distribution of datasets. A pairwise Elastic SOM (ESOM)
combining the preservation of topographical structure and at the
same time the relative distance of the data was proposed in [17].
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ESOM finds the best matching unit through SOM and updates posi-
tions of the reference vectors while keeping the pairwise distance
between the input data points. Compared to ESOM, V-SOINN is
based on ESOINN. V-SOINN learns a low-dimensional representa-
tive set, and figures out the classification results of the representa-
tive set in the 2-D space.

The rest of this paper is organized as follows. In Section 2, PCA,
t-SNE, SOM are briefly reviewed. In Section 3, V-SOINN is pre-
sented in detail. Experimental results are shown in Section 4.
Experiments on artificial and real-world benchmark datasets are
conducted to compare the effectiveness of topology preserving in
V-SOINN, PCA, MDS, t-SNE and SOM. Then we analyze the V-
SIONN classification results in the Visible Network. The results
show that V-SOINN outperforms other methods on these datasets
in terms of relative standard deviation. A summary of this paper
is given in Section 5.

2. Related work

In this section, we review the related work, including the basic
ideas of Principal Component Analysis (PCA), T-Distributed
Stochastic Neighbor Embedding (t-SNE), Self-Organizing Map
(SOM) and Neural Gas (NG).

2.1. Principal component analysis

PCA, the principal component analysis, is one of the most widely
used data dimensionality reduction methods. PCA is a classic linear
method aiming at mapping high-dimensional features to low-
dimensional space. PCA achieves the goal by reconstructing k-
dimensional features on the basis of the original features. The k-
dimensional features called principal components are orthogonal
features. Themain idea of PCA is todisplay theprincipal components
in the low-dimensional space and discard the minor components.

The process of PCA is as follows. The vector xi in the input data-
set X is subtracted by the mean of vector:

/i ¼ xi � 1
n

Xn

i¼1
xi: ð1Þ

The covariance matrix C is expressed as:

C ¼ 1
n

Xn

i¼1
/i/

T
i ¼ AAT ð2Þ

where A ¼ f/1;/2; . . . ;/ng. The eigenvectors and eigenvalues are
computed from:

ATAmi ¼ kimi: ð3Þ
k largest eigenvalues as well as their corresponding eigenvec-

tors are selected. The transformation matrix P is formed from these
eigenvectors in the row manner. The output data in the low-
dimensional space can be calculated by the following equation:

Y ¼ PA: ð4Þ
2.2. T-distributed stochastic neighbor embedding

T-distributed stochastic neighbor embedding (t-SNE) is a highly
flexible nonlinear mapping method. The main idea of t-SNE is to
use the conditional probability to represent the similarity of the
high-dimensional data, as well as the similarity of the low-
dimensional data. If the conditional probabilities of the two dimen-
sions are very close, it means that the data in high-dimensional
space have been mapped to the corresponding low-dimensional
space.
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The Euclidean distance between two data points in the high-
dimensional space is converted to a conditional probability as:

pjji ¼
expð� xi � xj

�� ��2
=ð2r2

i ÞÞX

k–i

expð� xi � xkk k2=ð2r2
i ÞÞ

: ð5Þ

The Euclidean distance between two data points in the low-
dimensional space is converted to a conditional probability:

qjji ¼
expð� xi � xj

�� ��2ÞX

k–i

expð� xi � xkk k2Þ
: ð6Þ

Kullback-Leibler divergence is used to measure the distance
between two conditional probabilities. The cost function is given
as:

C ¼
X

i

KLðPijjQiÞ ¼
X

i

X

j

pjji log
pjji
qjji

: ð7Þ
2.3. Self-Organizing Map

The Self-Organizing Map (SOM) is a neural network method
based on unsupervised learning. SOM maps the high-dimensional
data to units which are located on a regular low-dimensional grid.
The number of units n is set manually. wi is a vector, which is the
connection weight of unit ci. Initially, the connection weights are
all set to random values.

SOM adopts the winner-takes-all rule. Each input data x finds
the unit that best matches:

c ¼ arg
i
minð x�wik kÞ ð8Þ

where i ¼ 1;2;3; . . . ; n means the number of units on the low-
dimensional space. c indicates the best match unit (BMU) on the
low-dimensional grid. The connection weight of BMU has the short-
est Euclidean distance with the input data x. The connection weight
of BMU is updated by the random gradient descent method:

wi  wi þ aðx�wiÞ ð9Þ
where a is learning rate.

2.4. Neural gas

The Neural Gas (NG) is a kind of unsupervised learning algo-
rithm. NG can learn the topological structure in the feature dimen-
sion. NG takes a winner-takes-most rule. Neural network not only
adapts to the nearest neural node, but also adapts to all neural
nodes, and its step size decreasing with the increase of distance
sequence. The weights of the neural nodes wi 2 Rn are initialized
and all connections between nodes Cij are set to 0. Seclect one
input data point x, the weights of the neural nodes are updated
depending on the ‘‘neighborhood ranking” index of x. For each
node i, the ‘‘neighborhood ranking” index ki means i is the ki-th
nearest node to x. The weights of neural nodes are updated as:

wi ¼ wi þ �� e�ki=kðx�wiÞ; i ¼ 1; . . . ;N ð10Þ
where � is the adaptation step size and k is the neighborhood range.
The topological structure is learned by updating the connection
between neural nodes.

3. V-SOINN

V-SOINN is an unsupervised learning algorithm. V-SOINN is
able to automatically construct the network structure in the 2-D
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space and preserve the topological structure of the input data
during the training. It also figures out the classification results of
the input data. V-SOINN learns a set of representative input data
and projects these nodes to the visible nodes in the 2-D space
incrementally while preserving the relative distance between
nodes. And then V-SOINN classifies the visible nodes. The relative
distance preserving the characteristics of V-SOINN provides posi-
bility of high-dimensional data visualization.

The major steps are listed as follows:

� Construct the high-dimensional network and its corresponding
2-D network
In this step, representative nodes in the high-dimensional space
are learned from the input data iteratively. Then the represen-
tative nodes are projected to the visible nodes in the 2-D space
for visualization while keeping the relative distance between
nodes. Hence a visible network structure is constructed by the
visible nodes iteratively in the 2-D space.
� Classify nodes to different classes
For each unclassified node a 2 A, we search all the unclassified
nodes that are connected with a. All these nodes are classified
as the same class in node a. The visible nodes are marked as
the same class as their corresponding high-dimensional nodes.
� Map the high-dimensional data into the visible network
For each data point, the nearest representative node is found in
the high-dimensional space, so the input data point is mapped
to the corresponding visible node. The visible node is activated
once an input data point is mapped to it. The count of the acti-
vations is recorded. The size of the visible node in the 2-D space
is proportional to the count. The final figure shows the distribu-
tion of visible nodes.

The detailed steps of the V-SOINN are listed as follows:

3.1. Step 1: Construct the high-dimensional network and its
corresponding 2-D network

3.1.1. Initialization
Here we consider the problem of projecting the dataset X from a

high-dimensional space Rn (data space) to a two-dimensional
space. The high-dimensional network structure of V-SOINN is a
single-layer network that consists of a set of nodes A and a set of
connections C � A� A. The visible network structure in the 2-D
space consists of a set of visible nodes A0. Each node a 2 A in the
n-D space has a weight vectorwa 2 Rn and its corresponding visible
node a0 2 A0 in the 2-D space has a weight w0a 2 R2. w0a is set ran-
domly at the beginning.

At the beginning, the node set A is initialized to contain two
high-dimensional nodes with weight vectors which are chosen
from the input data randomly. A ¼ c1; c2f g and the weight vectors
of c1; c2f g are wc1 ;wc2 2 Rn. The visible node set A0 is initialized as

A0 ¼ c01; c
0
2

� �
and the weight vectors of c01; c

0
2

� �
are w0c1 ;w

0
c2
2 R2.

The connection set C is initialized as an empty set.

3.1.2. Node competition
After initialization, the high-dimensional network is trained

through competition-based learning iteratively. For one input data
point x 2 X, the winner node s1 and the second winner node s2 are
determined by:

s1 ¼ argmin
a2A

x�wak k ð11Þ

s2 ¼ argmin
a2An s1f g

x�wak k: ð12Þ
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3.1.3. Update the high-dimensional network structure and its
parameters

When the winners s1 and s2 are found, x is judged whether it is a
new node with the winners using the activation threshold T. If the
distance between x and s1 or s2 is larger than the activation thresh-
old Ts1 or Ts2 , like x�ws1

�� �� > Ts1 or jx�ws2

�� ��j > Ts2 ; x is a new
node. Add it to A and go to 3.1.2 to process the next point.

For each node a 2 A, its activation threshold Ta is the maximum
Euclidean distance between a and its connected nodes:

Ta ¼ max
ða;bÞ2C

wa �wbk k: ð13Þ

If a is not connected to any node, its activation threshold is the
minimum distance between a and other nodes:

Ta ¼ min
b2An af g

wa �wbk k: ð14Þ

If the connection between s1 and s2 does not exist, it will be cre-
ated as ageðs1 ;s2Þ and added to C. ageðs1 ;s2Þ is initialized as 0. s1 and s2
are topological neighbors. The ages of all edges connected to s1 are
increased by 1.

The weight vectors of s1; s2 are updated as follows:

ws1  ws1 þ a1ðx�ws1 Þ ð15Þ

ws2  ws2 þ a2ðx�ws2 Þ ð16Þ
where a1 and a2 is the learning rates. According to the experimental
experience, we set a1 ¼ 1=t and a2 ¼ 1=100t.

3.1.4. Noise elimination
After a predetermined number of learning iterations, the net-

work deletes the nodes caused by noise. A high-dimensional node
is considered to be created by noise if it is isolated, or has only one
connection to other nodes. In other words, the node with one or no
topological neighbor is removed. The edge c 2 C is removed if its
age is too large. When a node is removed from the high-
dimensional network, its corresponding visible node is also
removed from the 2-D visible network.

Algorithm 1. Step 1: Construct the high-dimensional network and
its corresponding 2-D network.

Intialization: set A ¼ fc1; c2g, C � A� A, A0 ¼ fc01; c02g, i ¼ 0,
ITER1, ITER2

if a 2 A has connection in C then
set Ta ¼ max

ða;bÞ2C
wa �wbk k

else
set Ta ¼ min

b2An af g
wa �wbk k

end if
repeat
input:x 2 Rn, set i ¼ iþ 1
s1 ¼ argmin

a2A
x�wak k

s2 ¼ argmin
a2An s1f g

x�wak k

if the distance between x and s1 or s2 is larger than the
activation threshold Ts1 or Ts2 then
A ¼ A [ fxg
continue

else
C ¼ C [ fs1; s2g

end if
set ageðs1 ;s2Þ ¼ 0
the ages of all edges connected to s1 are increased by 1.
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ws1  ws1 þ a1ðx�ws1 Þ
ws2  ws2 þ a2ðx�ws2 Þ
if i=ITER1 ¼¼ 0 then
Delete the nodes that are created by noise.

end if
until All nodes in A are trained.

for all nodes do: wa ¼ wa�u
r ;w0a ¼ w0a�u0

r0

S1ðaÞ ¼
P

b2Aðdðwa �wbÞ � dðw0a �w0bÞÞ2
repeat
repeat
set a 2 A

w0a  w0a � g1
@S1ðaÞ
@w0a

until All nodes in A are trained.
until ITER2 times
3.1.5. Update the 2-D visible network structure and its parameters

The high-dimensional network is trained completely. Our goal
is to make the topological network structure of the high-
dimensional space be maintained in the 2-D space. If the data point
x is drawn as a new node a 2 A in the high-dimensional network, it
has a corresponding visible node a0 2 A0 in the 2-D network. The u
and r are the mean and variance of the weights in the high-
dimensional space. The u0 and r0 are the mean and variance of
the weights in the 2-D space. The weight wa in the high-
dimensional space and the weight w0a in the 2-D space are
normalized.

wa ¼ wa � u
r

;w0a ¼
w0a � u0

r0
: ð17Þ

We introduce S to achieve the goal of preserving the relative
distance. S is the standard measurement for measuring the differ-
ence between the distance of nodes a; b in the high-dimensional
space and the distance of corresponding visible nodes a0; b0 in
the 2-D space.

Sða; bÞ ¼ ðdðwa �wbÞ � dðw0a �w0bÞÞ2: ð18Þ
where d is the Euclidean distance.

To preserve relative distance for all the nodes, we use S1 to keep
the topological network structure of the high-dimensional space to
the 2-D space.

S1ðaÞ ¼
X

b2A
Sða; bÞ: ð19Þ

During the process of training, the weights vector of visible
nodes is modified to minimize S1. In each iteration, for each node
a 2 A, the weight vectors of corresponding visible nodes a0 in the
2-D network w0a is updated as follows:

w0a  w0a � g1
@S1ðaÞ
@w0a

; ð20Þ

where g1 is positive learning rate which is set as 0.5. We set the
number of iterations as 500.

With the analysis, we present how to construct the high-
dimensional network and its corresponding 2-D network part of
V-SOINN in Algorithm 1.

3.2. Step 2: Classify nodes to different classes

All high-dimensional nodes are initialized as unclassified. For
each unclassified node a 2 A, we label it as a new class La, then find
all the unclassified nodes b that edges ageða; bÞ 2 C and label it as
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the same class as node a. The visible nodes are labeled as the same
class as their corresponding high-dimensional nodes.

We present how to classify the nodes to different classes in V-
SOINN in Algorithm 2.

Algorithm 2. Step 2: Classify nodes to different classes.

Intialization: set a 2 A unclassified
repeat
input:a 2 A
if a unclassified then
a belongs to a new class P
repeat
if ða; bÞ 2 C then
set b belongs to class P

end if
until All connections in C are searched.

end if
until All nodes in A are trained.
3.3. Step 3: Map the high-dimensional data into the visible network

In step 1, the visible nodes are drawn in the 2-D space. We con-
struct the visible network and map the high-dimensional nodes to
it. This step is similar to the network learning process, but largely
simplified. The visible network structure remains unchanged during
this step. The sizes of the visible nodes in the 2-D space are updated.

For each input data point x, we finds its nearest node s1 in the
high-dimensional network using Eq. 11. Then the weight of s1 in
the high-dimensional space ws1 , is updated by using Eq. 15. By this
means, the point x is mapped to the visible node s01 in the 2-D
space, and the visible node is activated once. The activation count
of s01 is increased by 1. After all the data points are processed, the
size of each visible node is proportional to its activation count in
the 2-D space. The distribution of the input data is shown in the
low-dimensional space. The purpose of visualizing the high-
dimensional data in the low-dimensional space is achieved.

How to map the high-dimensional data into the visible network
in V-SOINN is given in Algorithm 3.

Algorithm 3. Step 3: Map the high-dimensional data into the
visible network

Initialization: set the activation count of all the visible nodes
in the 2-D space counta0 ¼ 0

repeat
input:x 2 Rn

s1 ¼ argmin
a2A

x�wak k
set counts01 ¼ counts01 þ 1

until All nodes in A are trained.
Draw visible nodes in the 2-D space. The size of each visible

node is in direct proportion to its activation count.
4. Experiment

In this section, we present the visualization effects of V-SOINN
from two aspects.Wemeasure the effectiveness of keeping topolog-
ical structure by different methods, i.e, PCA, t-SNE, MDS, SOM, NG
and V-SOINN. Then we analyze the V-SIONN classification results
in the visible network.We train amodel completely. The nodes that
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belong to the same class in the training dataset are drawn in the
same color. The original NG algorithm learns the topological struc-
ture of dataset in the feature dimension. We combine NG with
MDS to visualize the learned the topological structure in the 2-D
space. The results are showed through some benchmark datasets,
i.e., an artificial dataset with 3 dimensions, the Iris dataset with 4
dimensions, and the MNIST digit dataset with 784 dimensions. For
all models, we set output space dimension to 2.
4.1. The effectiveness of keeping topological structure

To compare the quality of different visualization methods, it is
necessary to measure the quality. In this paper, we use Relative
Standard Deviation (RSD) to measure the effectiveness of main-
taining topology. The essence of RSD is judging if the distances
between an input data point and its neighboring data points in
the high-dimensional space are proportional to those in the low-
dimensional output space. Firstly, the distances between any input
data point and its k nearest neighbor data points in the input space
are calculated. Then we compute the distances between the corre-
sponding data nodes in the 2-D space. After that, the ratios of all
distances between data points and their neighboring ones in the
input space to the distances in the 2-D space are computed. Then
the mean of the ratios l can be obtained, as well as the standard
deviation r. The RSD is computed as RSD ¼ r

l. In an ideal model,

the ratios of all points are equal, so RSD must be zero. In the real
world, the closer the RSD is to zero, the better the performance
of the model.

In this paper, the value of k in the RSD is two. For PCA, t-SNE,
MDS and V-SOINN, RSD is calculated from the input data and their
projection nodes. For SOM, NG, RSD is computed by the training
weights of neurons in the input space and the output space. All
experiments were implemented in Python 3.7 on a PC.
4.1.1. Artificial dataset
In this experiment, we do visualization on an artificial dataset

call ‘‘s-curve-data”. As we can see from Fig. 1 (a), s-curve-data
dataset is made up of 1000 points. These points lie on a three-
dimensional space. We express this dataset in the 2-D space with
different methods.

For PCA, the number of components to keep is set as 2 which
means project the high-dimensional data to the 2-D space. For
MDS, the number of neighbors is 20. The algorithm will be started
with 4 different initialization. The best result (the one with the
lowest RDS) will be selected. For t-SNE, the perplexity is the num-
ber of nearest neighbors that is used in the learning algorithms.
The perplexity is set as 30. For SOM, the size of map in the 2-D
space is set as 12 � 12. The learning rate is 0.5. The number of iter-
ations is 100. All the 1000 samples in the dataset are used sequen-
tially each iteration. For NG, the number of neural nodes is set as
500. The adaptation step size is 2.5 and the neighborhood range
is 2.5. For V-SOINN, the noise elimination period is set as 500
and the map in the 2-D space is generated automatically.

We show the visualization result of the s-curve-data dataset in
Fig. 1. The size of the neural nodes in V-SOINN is in direct propor-
tion to the count of being activated. The distribution of input data
in the low-dimensional space can be obtained by the size of nodes.
As shown in Fig. 1, the shape of dataset can be kept in the low-
dimensional space by V-SOINN. There are some inactivated nodes
in the figure visualized by NG marked in black, which makes the
shape of the dataset not well maintained. The number of inacti-
vated nodes is 30. The visualization result generated by t-SNE is
hard for humans to explain its structure in the high-dimensional
space. Compared with t-SNE, V-SOINN is easier for people to
understand the structure of dataset.



Fig. 1. Visualization of s-curve-data dataset.
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Table 1 shows RSD results based on s-curve-data dataset. As we
can see from Table 1, MDS gets the best result. It is because MDS is
designed to keep the euclidean distance between pairwise points.
It has a good performance for the datasets distributed in the high-
dimensional space evenly. The t-SNE, PCA and NG do not perform
well in topology preserving on the s-curve-data dataset. The RSD
value of SOM is slightly larger than V-SOINN. The RSD value of V-
SOINN is smaller than any other methods’ RSD values except MDS.

4.1.2. Iris dataset
In this experiment, we do visualization on a real dataset called

‘‘Iris". The Iris dataset is a 4-D dataset consisting of three classes.
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The number of data in each class is 50. The Iris dataset is widely
used for data visualization. We express this dataset in the 2-D
space with different methods.

For PCA, the number of components to keep is set as 2 which
means project high-dimensional data to 2-D space. For MDS, the
number of neighbors is 20. The algorithmwill be started with 4 dif-
ferent initialization. The best result (the one with the lowest RDS)
will be selected. For t-SNE, the perplexity is set as 10. For SOM, the
size of map in the 2-D space is set as 7 � 7. The learning rate is 0.5.
The number of iterations is 100. All the 150 samples in the dataset
are used sequentially each iteration. For NG, the number of neural
nodes is set as 150. The adaptation step size is 2.5 and the neigh-



Table 1
Comparison of methods by using RSD on s-curve-data dataset.

V-SOINN SOM NG PCA MDS t-SNE

0.947 1.254 3.307 3.176 0.582 3.547
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borhood range is 2.5. For V-SOINN, the noise elimination period is
set as 50 and the map in the 2-D space is generated automatically.

We show the visualization result of the Iris in Fig. 2. Nodes in
different colors represent different categories in the figures. The
size of the node is proportional to its activation count in V-
SOINN. We can clearly see the distribution of input data in the 2-
D space by V-SOINN. The larger the node, the more input data
points are projected on it. The visualization result generated by
SOM can not express the distribution of input data. In addition,
we can see the classification result of the nodes. As shown in
Fig. 2, the different classes can be well classified in the 2-D space
by V-SOINN. All three classes can be distinguished clearly. The
visualization results generated by NG, PCA, MDS and t-SNE do
not well separate all nodes in different classes. There are some
inactivated nodes marked in black in the figure visualized by NG.
The number of inactivated nodes is 30. These nodes are noisy
nodes in the classification result.

Table 2 shows RSD results based on the Iris dataset. As we can
see from Table 2, NG gets the worst result. The RSD value of V-
SOINN is smaller than any other methods’ RSD values.

Combining results of Fig. 2 and Table 2, we can see that V-
SOINN performs well in keeping the topological structure on the
Iris dataset. The density distribution of the nodes can be shown
by using the node size in V-SOINN.
Fig. 2. Visualization o
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4.1.3. MNIST digit dataset
In these experiments, we obtain the visualization results on the

‘‘MNIST" digit dataset.
The MNIST digit dataset is a 784-D dataset consisting of ten

classes. The experiments were repeated six times with number of
samples 100, 500, 1000, 5000, 10000 and 60000. We express this
dataset in the 2-D space with different methods.

For PCA, the number of components to keep is set as 2 which
means project high-dimensional data to 2-D space. The number
of neighbors is 20 in MDS. The algorithm will be started with 4 dif-
ferent initialization. The best result (the one with the lowest RDS)
will be selected. For t-SNE,the perplexity is set as 5, 15, 20, 30, 50
and 50 in order. The size of SOM map is set as 7 � 7, 10 � 10,
12 � 12, 15 � 15, 20 � 20, 25 � 25 in order in these experiments.
The learning rate is 0.5. The number of iterations is 100. For NG, the
number of neural nodes is set as 50, 100, 500, 500, 1000 and 5000
in order. The adaptation step size is 2.5 and the neighborhood
range is 2.5. The noise elimination period of V-SOINN is 50, 250,
500, 500, 500, 500 in order. Here we show the visualization results
with 5000 samples generated by each method.

Nodes in different colors represent different categories in the
figures. The size of the node is proportional to its activation count
in V-SOINN. As shown in Fig. 3, we can see the density distribution
of each class by the size of nodes. In Fig. 3, we can see the classifi-
f the Iris dataset.



Table 2
Comparison of methods by using RSD on the Iris dataset.

V-SOINN SOM NG PCA MDS t-SNE

0.752 1.158 2.701 1.278 1.208 2.115

Fig. 3. Visualization of the MNIST digit dataset.
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cation result of the nodes. The classes which are easy to classify are
distinguished in the 2-D space by V-SOINN. There are many inacti-
vated nodes marked in black in the figure visualized by NG. These
nodes are noisy nodes in the classification result. They have a bad
influence on the visualization result.

Table 3 shows the RSD results based on the MNIST digit dataset
with different sample numbers. In each experiment, the RSD value
of V-SOINN is smaller than other methods. The RSD value of t-SNE
is too large to keep the topological structure. In different experi-
ments, as the number of samples increases, RSD value of V-
SOINN grows at a slow pace.

Combining the results of Fig. 3 and Table 3, we can see that V-
SOINN can keep the topological structure stably. V-SOINN can keep
topological structure well on the MNIST digit dataset with different
Table 3
Comparison of methods by using RSD on the MNIST digit dataset.

Sample numbers V-SOINN SOM NG

100 0.445 0.925 0.904
500 0.784 1.150 0.871
1000 1.336 1.478 3.699
5000 1.010 1.748 1.124
10000 1.253 1.702 1.666
60000 1.316 1.587 2.375
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number of samples. The density distribution of the nodes can be
showed in V-SOINN as well.
4.2. Classification results in the visible network

We have presented the visualization effects of V-SOINN com-
pared with those of PCA, t-SNE, MDS, and SOM. We can see that
V-SOINN can preserve the topological structure of the input data.
V-SOINN also can show classification results while PCA, t-SNE,
MDS, and SOM can not. In this section, we show the number of
classes that V-SOINN learned in the 2-D space. Results are shown
through the Iris dataset and the MNIST digit dataset. The experi-
mental conditions are the same as the above. We perform 10 times
training for V-SOINN and record the average classes numbers.
PCA MDS t-SNE

0.811 0.712 0.821
2.359 1.801 2.482
2.07 1.646 2.394
2.028 2.018 4.006
1.824 4.016 8.719
1.745 3.874 10.479



Table 4
Number of classes for V-SOINN on benchmark datasets.

Dataset Sample numbers Number of true classes Number of classes for V-SOINN

Iris 150 3 3
MNIST 100 10 8.7
MNIST 500 10 8.5
MNIST 1000 10 12.3
MNIST 5000 10 11.2
MNIST 10000 10 10.8
MNIST 60000 10 10.5
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Table 4 shows the number of classes for V-SOINN on the bench-
mark datasets. We use V-SOINN to classify test data into different
classes. For the Iris dataset, V-SOINN can always calculate the cor-
rect classes numbers. For the MNIST dataset, the number of classes
varies from 8.5 to 12.3 for different sample sizes. We can see that
V-SOINN can calculate the number of classes in a reasonable error
range.
5. Conclusion

In this paper, we propose a new visualization method, V-
SOINN. This algorithm constructs a topology preserving visible
network automatically and classifies visible nodes to different
classes in the low-dimensional space. V-SOINN can learn the
low-dimensional visible nodes incrementally while preserving
the relative distance between the input data points. V-SOINN can
well depict the density distribution of datasets. V-SOINN is able
to show the number of classes in the low-dimensional space as
well. Compared to SOM, V-SOINN gets neurons automatically
and is free of prior condition. The structure of neurons changes
according to the input data. Experiments show that the topology
preserving ability of V-SOINN is good and V-SOINN has the classi-
fication ability to classes which are easy to classify. Both the topol-
ogy preserving ability and the classification ability are considered,
V-SOINN is an effective approach for visualization of multidimen-
sional data.
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